The Fukushima Dai-ichi nuclear power plant (FDNPP) accident in March 2011 resulted in the 18 fallout of significant quantities of radiocesium over the Fukushima region. After reaching the soil 19 surface, radiocesium is quickly bound to fine soil particles. Thereafter, rainfall and snowmelt run-20 off events transfer particle-bound radiocesium downstream. Characterizing the precipitation 21 regime of the fallout-impacted region is thus important for understanding post-deposition 22 radiocesium dynamics. Accordingly, 10-minute (1995-2015) and daily precipitation data (1977-23 2015) from 42 meteorological stations within a 100 km radius of the FDNPP were analysed. 24
radiocesium dynamics. Accordingly, 10-minute and daily precipitation data 2015) from 42 meteorological stations within a 100 km radius of the FDNPP were analysed. 24
Monthly rainfall erosivity maps were developed to depict the spatial heterogeneity of rainfall 25 erosivity for catchments entirely contained within this radius. The mean average precipitation in 26 the region surrounding the FDNPP is 1420 mm yr -1 (σ 235) with a mean rainfall erosivity of 3696 27
MJ mm ha -1 h -1 yr -1 (σ 1327). Typhoons contribute 22% of the precipitation (422 mm yr -1 ) and 28 40% of the rainfall erosivity (1462 MJ mm ha -1 h -1 yr -1 (σ 637)). The majority of precipitation 29 (60%) and rainfall erosivity (82%) occurs between June and October. At a regional scale, rainfall 30 erosivity increases from the North to the South during July and August, the most erosive months. 31
For the remainder of the year, this gradient occurs mostly from northwest to southeast. Relief 32 features strongly influence the spatial distribution of rainfall erosivity at a smaller scale, with the 33 coastal plains and coastal mountain range having greater rainfall erosivity than the inland, 34
Introduction 46
In March 2011, the Great Tohuku earthquake triggered a giant tsunami that resulted in theFukushima Dai-ichi nuclear power plant (FDNPP) release of the largest amount of radioactive
(1) where R equals the annual average rainfall erosivity in MJ mm ha -1 hr -1 yr -1 , n represents the 147 number of years of data utilized, m j is the number of erosive events in year j, and EI 30 was 148 calculated as: 149
) 30 ( 2) with e r representing the unit energy in MJ ha -1 mm -1 , v r is the volume of rainfall (mm) during a 150
given time interval (r), and I 30 is the maximum rainfall intensity over a 30 minute period of the 151 rainfall event (mm h -1 ). For each time interval, rainfall energy per unit depth of rainfall (e r ) was 152 
with i r being rainfall intensity (mm h -1 ) (Renard and Freimund, 1994) . 154
To calculate the annual and monthly R-factors, erosive rainfall events were summed for each 155 monitoring station for the considered period (months or year). Two criteria within the RIST 156 software were used to define an erosive event: 1) cumulative rainfall of a given event is 157 >12.7mm; and 2) accumulations <1.27mm over a 6 hour period separates events into two 158 different periods. 159
To consider the impact of snowfall, precipitation was removed from R-factor calculations when 160 the temperature dropped below 0°C for 31 stations. When removing precipitation that may have 161 occurred as snowfall, there was not a significant difference in the R-factor (t-test p: 0.469) with a 162 mean difference of 26 MJ mm ha -1 hr -1 yr -1 (σ 35). Owing to the limited impact of potential 163 snowfall on R-factor calculations, 11 stations that did not record temperature were included in the 164
analyses. 165
To examine the impact of typhoons on precipitation and rainfall erosivity, databases of potential 166 typhoon information (i.e., JMA, Wikipedia, Google news) were cross-referenced with regional 167 events that occurred from 1995-2015. This allowed for the quantification of the precipitation and 168 rainfall erosivity that occurred during typhoon related events. 169
R-factor spatial analyses 170
Annual and monthly R-factor data were used to derive maps of annual and monthly rainfall 171 erosivity at a resolution of 250m over the eastern part of the Fukushima Prefecture. Given the 172 number of stations within the investigated area (n=42), a regression approach based on 173 relationships established between the R-factor and spatially distributed covariates was used to 174 produce these maps, rather than interpolation by kriging. 175
The covariates used for the spatial interpolation of annual and monthly R-factors over the study 176 km wavelength smoothed DEM, the easting and northing were computed to represent the 206 degree to which aspect is close to the east and the north, respectively (Zar, 2010) . These 207 two layers were used as covariates in the modelling procedure to account for slope 208 orientation at a smaller scale than entire side of a mountains range at the coarser scale. 209 -Distance to the Pacific Ocean coast (DC = distance to the coast) was calculated for each 210 pixel by using the Euclidean distance tool from ArcGis 10 (ESRI, 2011) as the proximity 211 of the ocean, a major source of moisture, may influence the spatial distribution of 212 precipitation. 213
Before the fitting of the models, the continuous covariates presented above were rescaled at a 250 214 m resolution in ArcGIS10 (ESRI, 2011) with bilinear interpolation, that determined the output 215 value of a cell based on a weighted distance average of the four nearest input cell centres. Then, 216 the spatial variation of rainfall erosivity in the study region was modelled with Generalized 217
Additive Models (GAM; Hastie and Tibshirani (1986)), implemented in the mgcv package in R 218 (Wood, 2001 ). The GAM regression technique is a generalization of linear regression models 219 (GLM) in which the coefficients may be a set of smoothing functions. GAMs consider the non-220 linearity that may exist between the target variable (Y) and covariates (X) providing more 221 flexibility to the model fitting than a GLM. 222
As for GLMs, GAMs specify a distribution for the response variable Y and use a link function g 223 relating the conditional mean (Y) of the response variable to an additive function of the selected 224 predictors: 225
where Y is the response variable, X 1 , X 2 ,…X p represent the covariates and the f i 's the smooth 227 (non-parametric) functions. 228
Based on monthly and annual mean values for each of the 42 stations, 13 GAMs were fitted to 229 spatially model the R-factor over the study area (i.e. one model per month and one model for the 230 year). A Gaussian distribution model incorporated the conditional mean µ(Y) and, due to the 231 predominant logarithmic distribution of the monthly and annual data, a log-linear link function 232 g(µ) = log(µ) was implemented. The smoothing functions of the models were built using 233 regression splines fitted by penalized Maximum Likelihood to avoid over-fitting (Wood, 2001) . 234
An extra penalty was added to each smoothing term so that each could potentially be set to zero 235 during the fitting process, especially in case of multi-collinearity or multi-concurvity. Although the maximum daily precipitation is not an optimal indicator of precipitation depth 281 owing to the probability of events occurring over multiple days, the year of the FDNPP accident 282 (2011), had the highest average daily maximum precipitation as a result of Typhoon Roke. 283
Spatial and temporal (monthly and inter-annual) R-factor variability 284
The annual R-factor ranged from 1972 MJ mm ha Fig. 2B ). The mean annual R-factor was 3696 MJ mm ha -1 h -1 yr -1 (σ 286 1327) with a coefficient of variation of 36%. The coefficient of variation was double the 287 corresponding coefficient of variation for annual average precipitation indicative of more spatial 288 variability. 22% (n=11) of the stations plotted outside one standard deviation on the rainfall 289 erosivity mean, equal to that of the annual precipitation. 290
The regional mean annual R-factor ranged from a minimum of 1866 MJ mm ha -1 h -1 yr -1 in 1996 291 to a maximum of 7159 MJ mm ha -1 h -1 yr -1 in 1998 (Fig. 3C ). The annual R-factor standard 292 deviation was 1252 MJ mm ha -1 h -1 yr -1 with a coefficient of variation of 34%. The coefficient of 293 variation again was more than double than the annual precipitation. 24% (n=5) of years plotted 294 outside one standard deviation of the mean, similar to that of annual precipitation. 295
The highest monthly R-factors occurred in the summer months and early fall (Fig. 5B) coinciding 296 with the wet summer and the peak typhoon season (July-September). In fact, 82% of the rainfall 297 erosivity occurred between June and October in the Fukushima region, an increase of 22% 298 compared to the amount of precipitation during this period. In particular, 64% of the rainfall 299 erosivity occurs between July and September. Winter (November-February) only contributes 6% 300 of the total annual R-factor with spring (March -May) contributing the remaining 12%. 301
Annual and monthly rainfall erosivity spatial distribution 302
The deviance explained by the final erosivity models produced by the calibration procedure (from 303 the total dataset of n=42) varied from 82.5% for September to 97.7% for April, and 95.5% for the 304 annual R-factor model ( Table 2) . 305
Predicted values produced with the LOOCV procedure for the 42 stations showed similar 306 distributions as the observed values (Table 2) For all of the monthly models, the categorical variable 'facets', was selected as one of the most 318 influential explanatory covariates, whereas facets were less influential in the annual model (Table  319 3). The selection of 'facets' highlights how opposite sides of the mountain ranges in this region 320 have different rainfall erosivity regimes. 321
For 10 of the 13 models, mean precipitation, for the considered period, was selected as a 322 significant explanatory covariate. Mean temperature was selected by the procedure for the three 323 models for which mean precipitation was not retained as significant covariates (i.e., February, 324
November and December). Mean temperature and mean precipitation was selected for the annual 325 R-factor model. According to the ΔAIC, mean precipitation and mean temperature capture the 326 most R-factor spatial variability within the final models (Table 3 ). Easting and/or northing were 327 selected in all the other models, except July and September, accounting for the influence of 328 hillslope aspects at smaller scales than entire mountain sides. The selection of elevation, slope 329 and/or the distance to the coast as significant explanatory variables in some of the final models 330 varied. 331
Although elevation, slope and distance to the coast may influence precipitation patterns and 332 intensities, their non-consistent selection in the final models does not mean that they potentially 333 do not influence rainfall erosivity. Covariates have the potential not to be retained in the final 334 model when there may be multi-collinearity or multi-concurvity between covariates. The non-335 selection of covariates signifies that other covariates likely have a similar, though stronger, 336 mathematical relationships with the target variable. To achieve parsimony, only select variables 337 from the original set of covariates are included in the final model. 338
The annual R-factor has a predominantly positive gradient from North North West to South 339 South East (Fig. 7A) and is impacted by the relief of the region. The coastal plain receives lower 340 rainfall erosivity than the adjacent coastal mountain range, both of which have greater rainfall 341 erosivity than the inland Abukuma river valley. The South South East oriented side of the 342 westernmost mountain range bordering the Abukuma valley has lower rainfall erosivity than the 343 easternmost side of this valley. The coefficient of variation (CV) of modelling errors is rather 344 low, predominantly under 10% in the study area (Fig 7B) . 345
In July and August, the most erosive months of the year, rainfall erosivity increases mainly from 346 the North to the South of the region, while during the rest of the year, this gradient occurs mostly 347 from North West to South East. The spatial patterns relative to the relief features are also 348 observed in the monthly rainfall erosivity distributions with the coastal plains and coastal 349 mountain range receiving higher rainfall erosivity than the parallel Abukuma river valley. The 350 maps of errors associated with each monthly R-factor models are available as supplementary 351 information (Fig. S1 ). The coastal plain and coastal mountainous ranges, including the FDNPP 352
and a large part of the contamination plume with high levels of radiocesium contamination, have 353 greater rainfall erosivity than the less contaminated Abukuma River valley. 354
Typhoons 355
In the Fukushima region, typhoons contributed 22% (331 mm y -1 ) of the total annual precipitation 356 (Fig 3A) . This contribution varies from only 5% (68 mm y (Fig 5B) . Clearly, 367 typhoons contribute a significant amount of rainfall erosivity in the Fukushima region. 368 4 Discussion: 369
Precipitation 370
The location and intensity of annual typhoons influence the spatial and temporal (intra-and inter- analysis of precipitation, and rainfall erosivity at a scale relevant to the fallout from the FDNPP 426 accident. In particular, our current research highlights that the coastal mountain range, which 427 received a significant amount of radiocesium fallout, has higher rainfall erosivity relative to the 428 remainder of the fallout-impacted region, with a large proportion of this rainfall erosivity being 429 derived for typhoons. 430
Typhoons 431
Regions subject to cyclone activity generally have much higher rainfall erosivity. In Mexico, the 432 mean annual rainfall erosivity was 6525 MJ mm ha −1 h −1 yr -1 (García-Oliva et al., 1995). In 433 Peninsular Malaysia, the R-factor was shown to range between 9000 and 14000 MJ mm ha our understanding of radiocesium dynamics. In the Fukushima region, rainfall drives three major 447 contaminant transfer processes: i) wet fallout of particle from the atmosphere to the surface 448 controls the spatial distribution of deposited contaminants, ii) rainfall splash effects trigger the 449 detachment of particle-bound contaminants, and iii) detached particles are potentially transported 450 by overland flow generated by rainfall when infiltration capacity is exceeded or when the soil is 451 saturated with water. In addition, the timing and intensity of events in general, and typhoons in 452 particular, are likely of particular importance for understanding these and other post-fallout 453 radiocesium dynamics in the Fukushima region (Fig 9) . in beach sand depth cores (Satou et al., 2015) . 462
The precipitation regime in the Fukushima region has also been postulated to result in the 463 partition between the dissolved and suspended radiocesium loads (K d ) being an order of 464 magnitude higher than reported in riverine systems 1-2 years after Chernobyl (Sakaguchi et al., 465 2015) . In Chernobyl, Sansone et al. (1996) reported that 75% of the radiocesium was transported 466 as a dissolved fraction. In the Fukushima region, the opposite was the case, with the particulate 467 fraction dominating radiocesium transport, particularly during the major typhoon events (for a 468 review see Evrard et al. (2015)). 469
The Fukushima region has been demonstrated to be highly reactive to major precipitation events 470 sediment and radiocesium is transferred downstream in 1-2 major events each year. In Figure 9 , 473 the impact of major events is quickly evident. In each year, typhoons contributed rainfall 474 erosivity is greater than the mean monthly rainfall erosivity (individual typhoon and tropical 475 storm data for events since 2011 are presented in Table S1 in the supplementary information). 476
Additionally, there is a significant amount of non-typhoon related erosivity in July and August 477 that may result in significant quantities of radiocesium transfers (Fig. 5B) . 478
The challenge for modelling radiocesium behaviour will be relating the timing of these events to 479 the vegetative cover in the region. This will be particularly important for rice paddy fields Chernobyl, based on these differences in their climatic contexts. 498
The provision of the R-factor maps focusing on the region impacted by fallout from the FDNPP 499 accident that depict the annual and monthly variation in the R-factor are important to inform 500 management and support the research and modelling of radiocesium dynamics in this region. 501
These R-factor maps are thus provided to the community (Dataset 1). Further, all the event data 502 (total precipitation, rainfall erosivity and kinetic energy) are included in the supplementary 503 information (Dataset 2). More research is nevertheless required to examine the impact of 504 different rain drop size distributions and resultant variations in kinetic energy in this region. 505
Conclusions 506
Rainfall erosivity in the Fukushima region is 3696 MJ mm ha -1 h -1 yr -1 and the region receives 507 1420 mm y -1 of precipitation. Although these are below average values for Japan, the rainfall 508 erosivity is more than 3-4 times higher than in Chernobyl. The majority of precipitation (60%) 509 and rainfall erosivity (86%) occurs between June and October. Major typhoon events are 510 responsible for 22% of the precipitation (422 mm yr -1 ) and 40% of the rainfall erosivity (1462 MJ 511 mm ha -1 h -1 yr -1 (σ 637)). The highest areas of contamination in the coastal mountain range 512 correspond to the contaminated area that receives high rainfall erosivity. 513
The R-factor maps demonstrate that areas most contaminated with radiocesium with the highest 514 rainfall erosivity are located along in coastal mountain range of the Pacific Ocean west of the 515 FDNPP. Catchments in these areas will have the highest sensitivity to rainfall induced soil 516 erosion and thus potential concomitant radiocesium transfers to downstream catchments and 517 ultimately to the Pacific Ocean. The highest rainfall erosivity in these areas occurs during the 518 typhoon season (July-September). Monitoring radiocesium transfers after major events will be 519 important. In other catchments that may be impacted by future radiocesium contamination it will 520 be important to similarly investigate the climatic context, as precipitation strongly influences 521 post-fallout radiocesium dynamics. 522 
539
Chartin, C., Evrard, O., Onda, Y., Laceby, P., Cerdan, O., Lepage, H., Ottlé, C., Lefèvre, I., and Bonté, P.:
540
The impact of typhoons on sediment connectivity: Lessons learnt from contaminated coastal catchments 541 of Fukushima Prefecture (Japan), Earth Surface Processes and Landforms, in revision.
542
Chino, M., Nakayama, H., Nagai, H., Terada, H., Katata, G., and Yamazawa, H.: Preliminary estimation of 
